Background: Ovarian cancer (OCA), the fifth leading deaths cancer to women, is famous for its low survival rate in epithelial ovarian cancer cases, which is very complicated and hard to be diagnosed from asymptomatic nature in the early stage. Thus, it is urgent to develop an effective genetic prognostic strategy.
depend on genome difference [15] [16] [17] . Actually, cancer is a disease single of genomes or networks of molecular interaction and control, advanced ovarian cancer with a high relapse rate related to the acquirement of chemo resistance, due to it's ability to converting the tumor cells back into a stem cell-like state. Luckily, several existing drugs [18, 19, 14] can attack the pathway and reverse the cellular transformation, thus 're-sensitizing' the tumor to treatment. For these reasons, it is urgently to develop effective strategies to stratify early and advance stage patients.
Correlation networks are increasingly being used in bioinformatics applications like generating modules (clusters) of highly correlated genes, summarizing such modules using an intra-modular hub gene or the eigengene, and analysis of modules' networks or calculating module membership measures, which can be used to identify candidate biomarkers or therapeutic targets. Currently, we use weighted correlation network analysis (WGCNA) to correlate networks facilitate network based standardized and screened gene, aim at establish an a feasible genetic method to prognostic of outcome of individual's ovarian carcinoma, especially the bottleneck problem of epithelial ovarian cancer and malignant ovarian germ cell cancer, therefore, making an advantage to choose the most suitable chemotherapy for a certain patient.
Materials
As the paper did not involve any human or animal study, there was no need for any ethical approval.
Literature selecting and building
For analysis of differential genome-wide expression between patients in different cancer stages, we selected GSE12470 dataset [20] , including gene array data from 35 advanced ovarian cancer patients, 8 early ovarian cancer patients and 10 non-cancer persons.
For prognostic analysis on different types of ovarian cancer, GSE14764 data set [21] was selected, which includes genome-wide expression data from 80 ovarian cancer patients. In addition, GSE63885 dataset [22] and GSE49997 dataset [23] were tested to verify the established prognostic analysis model, these two data sets are consisted of genome-wide expression data from 101 candidates with differential ovarian cancer and mRNA expression data from 204 candidates suffered from ovarian cancer respectively.
Database search
Gene Expression Omnibus [24] functional genomics repository was searched for the relationships between the probe in the platforms used in the selected datasets and corresponding genes. One probe set (contain several probes, N ≥1) matching one target gene, therefore average value [25] of different corresponding probe IDs is represent one gene expression level. Skew distribution of gene expression was transformed to skew normal distribution by log2 transformed and final probe set level data was generated through Robust Multichip Analysis [26] (a model-based algorithms) with default parameters [27] .
Screening of differentially expressed genes
After expression data for post-processing of standardization, we directly employed a more mature significance analysis of microarrays (SAM) algorithm [28] . Differentially expressed genes were screened by using t-test and analysis of variance, if N is large number of our genes, it will generate a lot of false positives, then use controlling the FDR (false discovery rate) values corrected for multiple testing in the falsepositive rate. Calculate the relative difference statistic d: 
Construction of co-expression network and modulemining
Construction of co-expression network mining based on the differentially expression value, weighted correlation network analysis (WGCNA) [29] was used for finding modules of correlated differential genes, summarizing such modules, relating modules to one another, and weighting module's membership and contributed genes. All the genes used in WGCNA methods had been screened as previously described.
Screening of differentially expressed module
Specific gene regulatory network module were screened in two conditions, and then determine the gene for each module in the two states within the overall expression differences, using a global analysis of variance method [30] , Global-Ancova method based on correlation analysis of variance test set and a set of functional gene phenotype, P value tested with less than 0.05 network modules selected as differentially expressed module. The method may be R language Global-Ancova package implementation.
Enrichment analysis of gene function
For a group identified gene sets, we used DAVID [31] tool -a software is based on the hyper geometric enrichment test methods of distribution test, to achieve function and the Kyoto Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg/) [32] pathway enrichment analysis.
Survival analysis
By statistical analysis, we able to achieve some network modules consisted of differential selected genes with some chemotherapy related regulation factors. In view of these differential genes, we classified dataset GSE14764, GSE63885 and GSE49997 into subgroups, all the candidates are treated by chemotherapy. Prognosis analyses were conducted by SURVICAL package in R environment, and Kaplan-Meier estimates of overall survival (OS) respective 95 % confidence intervals (CIs) were provided for each cluster. In addition, for each dataset, Cox regression modeling [33] 
Results
Overall gene-expression profiling standardization
As previously described, we generated original genome expression profiling and mRNA expression data got from each data set (GSE12470, GSE14764, GSE49997 and GSE63885), after using GEO database matching the probe ID in the platform to Gene Symbols, corresponding genes and gene's IDs were collected from these data sets respectively. A quantitative genome expression distributions map are showed in type of box-plots (see Fig. 1 ), values from each dataset were linearized when provided as logarithms, raw files were converted into pre-processed data by RMA with default parameters [27] .
Ovarian cancer's genetic screening and pathways analysis
According to the procedure adopted by Dai et al. [26] , pre-processed data of 53 samples (Fig. 1a) were analyzed by SAM in R environment, samples including data from Table 1) , showing (i.e., fold change (FC) equals 2.0) were generated at SAM p-value thresholds of 5 %.
To identify the biological processes associated with these 3095 differential expressed genes, we explore the DAVID; http://david.abcc.ncifcrf.gov/). Compared with online human genome database, the top 10 enriched clusters with the 511 genes mainly distributed at cell cycle including mitosis, deposition of nucleosomes at the centromere, Chromosome Maintenance including Chromosome, telomere maintenance and nucleosome assembly, Regulation of RNA transcription level including RNA polymerase I (Table 1, Accompanying Table 2 ).
Based on these 511 genes related to top 10 pathways, overall 80 candidates were completely clustered by principal component analysis (PCA), which indicates a highperformance of differences genetic screening (Fig. 2) .
Differences genetic screening and pathways analysis on ovarian cancer in different stages
By using WGCNA software in R language, gene coexpression networks (Accompanying Table 3 ) are established from 3095 differential expression genes (Accompanying Table 1 ). Each gene was weighted and ranked by calculating the network edges, top 10 are showed in Table 2 , Gene RACGAP1 [34] , RAD51AP1 [35] , RAE1 [36] , NEK2 [37] had been reported as ovarian cancer related genes, while the others are newly defined related gene. In addition, these 3095 genes were divided into 17 modules (Table 3) by the blockwise, Modules function of WGCNA package. After further screening on Global-Ancova package using R language and comparing original gene-expression data set GSE12470, 4 network modules of differentially expressed cancer genes were identified (Table 4 , details showed in Accompanying Table 4 ) as the representative module to apply function analyses because most of genes in the network are expressed in the candidate who suffered from cancer.
GO and KEGG analysis on these 4 modules (Table 4 ) shows blue modules is mainly take part in female metabolism regulation and controlling: Androgen and estrogen metabolism and Steroid hormone biosynthesis which straightly related to ovarian functions, Aminoacyl-tRNA biosynthesis which play a key role in protein synthesis [38] and has been suggested to be associated with the progression of various ovarian cancers [39, 40] , most interested is porphyrin and chlorophyll metabolism pathways also be involved into ovarian cancer progression, porphyrin was reported as treatment elements for ovarian cancer [41] , while chlorophyll as important grapevine iron nutrition for blood [42, 43] which most females are short for it [44] , besides, some reporter illustrated cancer resistance protein can against the porphyrin and chlorophyll metabolism [45] , thus, blue module may potentially denotes the progress of ovarian cancer and support to our subsequence prognosis analysis. Besides, gene UMPS ranked second was involved in pathway of aminoacyltRNA biosynthesis, further suggests that UMPS could be related to a certain ovarian cancer. And gene IARS belongs to drug metabolism pathway in blue module ranked eighth in Table 2 , suggesting that this gene maybe important for applicability of drug treatment in specific case. Greenyellow module is mainly related to PPAR signaling pathway, which is involved in ovarian follicle development [46] and ovarian cancers progress [47] . Grey module is mainly devoted to melanogenesis. Presently, no representation shows melanogenesis is related to cancer progression, but melanogenesis is regarded as a potential instruction for understanding of complex diseases [48] . In currently study, we select the modules to evaluate ovarian cancer in different stages and various types, thus, this module probably take an important part in subsequence prognosis analysis for patients in various conditions, beside, the other functions of this modules also help to analysis cancer proceeding like amino acids metabolism and energy homeostasis. Tan module is mainly devoted to carbohydrates and sucrose metabolism, and this is a risk factor for many cancer [49] and female ovarian health [50] , also very important to diagnosis of advanced ovarian cancer patients [51, 52] .
All these supported researches and relevance data illustrated that we had generated network modules from differential expression genes of various ovarian cancers successfully, and these networks are competent for 
Prognostic analysis of subgroups of ovarian cancers
1073 differential expression genes involved in the 4 dominant network modules were generated from GSE12470 expression dataset as previous described. By using SUVIVLE package in R basing on these differential genes, GSE14764 dataset composed by various ovarian cancer patients' gene expression profiles (n = 80) were classified into 3 subgroups (Fig. 3a) . Pair wise comparisons between clusters based on p-values were carried out by KaplanMeier estimates of OS respective 95 % confidence intervals (CIs). Kaplan-Meier estimates of Fig. 3a has been showed in Fig. 3b with P = 0.0323. In order to verify the availability of the prognostic functions of these 4 modules, we useGSE49997 and GSE63885 datasets to repeat the same experiment. GSE49997 [23] is composed by mRNA expression data from epithelial ovarian cancer patients (n = 204) while GSE63885 datasets are consisted by genome expression data from various ovarian cancers. According to the original articles, candidates in GSE49997 [23] dataset are classified into the clinic-pathologic parameters of the histological serous and non-serous tumor subtypes, each subtypes can be divided into 2 subclasses derived from International Federation of Gynecology and Obstetrics stage-directed supervised classification approach (IFGO). One group's (subclass2) conditions deteriorated extremely from a certain time point and appear much lower livability in both serous and non-serous histological subtypes than another (subclass1)'s, as revealed by univariate analysis (hazard ratios [HR] of 3.17 and 17.11, respectively; P 0.001) and in models corrected for relevant clinic pathologic parameters (HR 2.87 and 12.42, respectively; P 0.023). Similarly, candidates in GSE63885 [22] datasets adapt the same classification approach(IFGO), and they discovered that histological type could be a confusing factor and gene expression exploration of ovarian carcinomas should be performed on histologically homogeneous groups to direct the prognostic analysis on chemotherapy. In their experiment, clinical endpoints like overall survival, disease-free survival, tumor response to chemotherapy are not confirmed by validation either on the same group or on the independent group of patients, just CLASP1 gene with BRCA1 mutation status related to one ovarian cancer subclass which tend to deteriorate easily.
Comparatively, heat map profiles in current researches ( Fig. 3c and Fig. 3e showed) showed the samples from GSE49997 and GSE63885 dataset had been efficiently divided into 2 groups base on the same differential expressed genes and 4 network modules used in Fig. 3a , which are identical with the original dataset information. In KaplanMeier estimates of OS respective 95 % confidence intervals (CIs) were provided for these two heat maps with p equals to 1.02e-05 and p equals to 0.0781 respectively. According to these two verification models and similarities in classification to original data sources we described above, the selected 1073 different genes in 4 majority network modules is competent to classify ovarian cancer into subtypes that are prognostic of different chemotherapy outcome, especially for epithelial ovarian cancer and ovarian germ cell cancer (especially for stage 4 and stage 5), which are notorious for diagnosis and distinction at the early stage with analogous morphological characteristics. In addition, the modules we established may prefer much more accuracy and practicability, as GSE63885 [22] datasets with less stringent criteria for gene selection (FDR <10%and uncorrected p-value <0.001).
For further extraction and prognosis of genes directly related to ovarian cancer survival, we used univariate COX regression method to calculate the correlation between genes and survival prognosis within the module, GSB14764 dataset genes associated with prognosis in a total of 35 genes; GSE49997 dataset and prognosis related genes, a total of 47 genes (Additional file 1: Table  S5 ); GSE63885 dataset and prognosis with a total area of Venn diagram with 57 genes (Additional file 1: Table  S6 ). View these three ovarian cancer prognostic gene intersection situations, find the intersection between any two relatively small (Fig. 4) , the intersection of the six genes LRRC8D, TTC304, TFCP2L1, LIBRINEPOR, PAR52. Outstandingly, dysregulation of this EPOR may affect the growth of certain tumors [53, 54] .
Discussion
As previously described, ovarian cancer like epithelial ovarian cancer and ovarian germ cell cancer has difference subclasses, but it is hard to distinguish the malignant from carcinoid tumors due to the multitude of clinical and history pathological aspects [8] , lack of precursor lesions [9] and their evolution [10] , which cause the bad one with a low survival rate and complicated due to frequent development of resistance to standard therapies and asymptomatic nature of the early stage. Thus, recently, more and more researches are focus on genome level analysis aim at recognize collaborative gene and relatively network modules, which will bring out some newly efficiently diagnoses, and help to the cancer prevent and treatment to individuals base on targeted chemotherapy.
Current established genetic ovarian carcinomas prognostic pattern contains 1073 difference expression genes involved in the 4 dominant network modules successfully divided a dataset with random OCA cases (n = 80) into 3 groups (p = 0.0323, 95 % CIs in KaplanMeier). Two other previously reported datasets verified this classification is available and can be used in both genome (n = 204, p =1.02e-05, 95 % CIs in KaplanMeier) and mRNA (n = 101, p =0.0781, 95 % CIs in Kaplan-Meier) profiles, also demonstrated that this pattern can be used to distinguish epithelial ovarian cancer and ovarian germ cell cancer subclasses that trend todevelopmalignantly.6 prognosis related genes were selected by COX regression analysis (LRRC8D, TTC30A, TFCP2L1, LMBR1, EPOR and PARS2), these difference genes regulate modules through the whole work, rather than a few genes play a prognostic classification, which can make the outcome much more convincing. Beyond them, EPOR is famous for its affection to tumor growth [53, 54] , support the function to divide the malignant epithelial ovarian cancer or ovarian germ cell cancer from carcinoid tumors;TTC30A and LRRC8D are rarely reported before, but recent statistics shows that these two gene related to immune system, and may have regulation ability to host protein [55] [56] [57] , these can be considered in chemotherapy methods choosing. In addition, corresponding to earlier pathway analysis (Aminoacyl-tRNA biosynthesis in blue module, (See figure on previous page.) Fig. 3 Cluster analysis: Heat map profiles of ovarian cancer patients with 1073 extracted differential genes from GSE12470 data set (n = 53). a Heat map profiles of extracted differentiated genes and various ovarian cancer patients from GSE14764 dataset (genome expression, n = 80), the Kaplan-Meier curves are with respect to (b) overall survival (OS) rite at non-significant P = 0.0323, (c) Heat map profiles of extracted differentiated genes and various ovarian cancer patients from GSE49997 dataset (mRNA expression, n = 204), corresponding Kaplan-Meier curves (d) with a non-significant P = 1.02e -05, (e) Heat map profiles of extracted differentiated genes and various subtypes of epithelial ovarian cancer patients from GSE63885 dataset (genome expression, n = 101), the Kaplan-Meier curves are with respect to (f) overall survival (OS) rite at non-significant P =0.0781,A) is for prognosis trials, (c, e) are used to verify the availability of selected modules and extracted differential expression genes. All estimates of OS respective 95 % confidence intervals (Cis) Fig. 4 Three data sets COX univariate regression analysis were screened for ovarian cancer prognostic gene Venn diagram Table 4 ), PARS2 encodes a putative member of the class II family of aminoacyl-tRNA synthetases, further suggested a highly correlated gene networks in currently generated modules. What is importantly is that TFCP2L1 probably contribute to the differentiation of cancer stem cells, as embryonic stem cell self renewal pathways converge on the transcription factor Tfcp2l1 [58] , and this never been reported before.
The present study describes a validation analysis of a previously defined gene signature to establish its relevance as a clinically useful prognostic factor. While the accuracy of prognostic outcome restricted by two elements, the routine use of recently published new prognostic factors in clinical practice has had limited success, and the updated gene databases.
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